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A B S T R A C T 

Radio observations offer a dust-unobscured view of galaxy star formation via the radio continuum–star formation rate 
(RC–SFR) relation. Emerging evidence of a stellar mass dependence in the RC–SFR relation raises the broader question 

of how other galaxy properties may influence this relation. In this w ork, w e study the dependence of the global RC–SFR 

r elation on g alaxy pr operties in local ( z ≤ 0.3) star-forming galaxies (SFGs) using the second data r elease of the L Ow 

F requency ARr a y (LOFAR) Two-Metre Sk y Survey (LoTSS-DR2). Employing a non-parametric decision-tr ee r egr ession 

algorithm, we identify the most important g alaxy pr operties for estimating the radio luminosity using a sample of 18 828 

emission-line-classified SFGs based on spectroscopic data from the Sloan Digital Sky Survey (SDSS)-DR8. Along with the 
spectroscopically obtained SFRs and stellar mass values, we also use SFRs and stellar masses derived using photometric 
spectr al energy distribution-fit ting fr om the G ALEX –SDSS–WISE Leg acy Catalogue for the same sample. We find that 
a galaxy’s SFR is most important for predicting the radio luminosity, followed by the stellar mass, at > 5 σ significance. 
Complementing the LoTSS catalogue 150 MHz flux densities with aperture photometry for the rest of the emission-line 
classified sample (35 099 galaxies in t otal), w e obtain a new calibration of the RC–SFR relation, which does not change 
significantly whether we use spectroscopic or photometrically derived SFRs and stellar masses, despite the fact that the 
methods probe star formation on different characteristic time-scales. Our results highlight the utility of decision-tree 
algorithms for handling censored radio - selected galaxy samples, which will be useful for futur e spectr oscopic surveys 
of radio sources. 

Key wor ds: g alaxies: evolution – galaxies: general – galaxies: star formation – radio continuum: galaxies. 
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 INTRODUCTION  

xploring star formation in galaxies is important for understand- 
ng the evolution of baryonic mat ter. Tr aditionally, star forma-
ion rate (SFR) calibrations relied on ultraviolet and optical ob- 
ervations of ionizing radiation produced by young and mas- 
ive stars, because they dominate the total stellar luminosities of 
tar-forming galaxies (see R. C. Kennicutt & N. J. Evans 2012 ;
. Calzetti 2013 ; P. Madau & M. Dickinson 2014 for reviews).
ow ev er, reliably using optical and UV data to determine the

ntrinsic SFRs of galaxies is challenging, especially in the distant 
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niv erse, due t o the large and uncertain dust corr ections r equir ed
e.g. J. Kennicutt 1998 ). Dust absorbs a fraction of the ultraviolet
UV)/optical radiation arising from short-lived luminous stars, 
nd the energy is then re-radiated at far -infrared (FIR) wa ve-
engths, where the luminosity is ther efor e a generally reliable

eans of estimating SFRs in dusty galaxies (e.g. C. J. L. Persson
 G. Helou 1987 ; N. A. Devereux & J. S. Young 1990 ; J. Kennicutt

998 ; R. C. Kennicutt & N. J. Evans 2012 ). How ev er, along with
he practical difficulties associated with obtaining FIR observa- 
ions in the post- Herschel era, there are also issues arising due to
he low-spatial resolution of FIR data (e.g. D. J. B. Smith et al.
011 ; I. McCheyne et al. 2022 ), as well as the possible impact of 
nobscured sight-lines (e.g. P. G. Pérez-González et al. 2006 ; R.
orba & M. Sawicki 2015 ; D. J. B. Smith & C. C. Hayward 2018 ;
 This is an Open Access article distributed under the terms of the 
/by/4.0/ ), which permits unrestricted reuse, distribution, and 
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1 The central frequency of the LoTSS data is at or near 144 MHz, but we 
use 150 MHz in this work for consistency with previous works. 
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. Haskell et al. 2023 ) and additional heating from ev olv ed st ellar
opulations (e.g. C. J. L. Persson & G. Helou 1987 ). The dust that
ffects short- w avelength star formation indicators is irrelevant at
adio fr equencies, wher e a tight correlation between radio and
ar-infrared luminosities has been observed (e.g. P. der Kruit 1971 ;
. Jong et al. 1985 ; G. Helou, B. T. Soifer & M. R ow an-R obinson
985 ; R. J. Ivison et al. 2010 ; M. J. Jarvis et al. 2010 ; D . J . B.
mith et al. 2014 ; S. C. Read et al. 2018 ; D. C. Molnár et al. 2021 ).
on-thermal radio emission in SFGs is attributed to electrons

cceler ated by supernov a shocks moving in the ambient magnetic
eld (E. G. Berezhko & H. J. Völk 2004 ). Massive stars ( � 8 M �)
r e r esponsible for cor e-collapse supernovae (J . J . Condon 1992 ),
nd so the observed non-thermal radio emission can be used as an
ndicator of the recent ( � 100 Myr averaged) star formation rate of 
alaxies. 

Multiple observational works have studied the relationship be-
ween galaxies’ SFRs and their non-thermal synchr otr on radio
mission at 150 MHz including G. Gürkan et al. ( 2018 , hereafter
18 ), L. Wang et al. ( 2019 ), D. J. B. Smith et al. ( 2021 , hereafter
21 ), M. Bonato et al. ( 2021 ), V. Heesen et al. ( 2022 ), P. N. Best
t al. ( 2023 ), and S. Das et al. ( 2024 , hereafter D24 ). These works
ssumed a power -la w relation between SFR and radio luminosity
at various frequencies), with the gradient often deviating from
inearity. A gradient equal to one would mean that the galaxy
s a perfect electron calorimeter and that the cosmic ray elec-
rons lose all their energy before being tr ansported aw ay from
he sites at which radiation is observ ed. How ev er, the radio emis-
ion may underestimate the SFRs of galaxies compared to far-
nfr ared tr acers when a fr action of cosmic r ays acceler ated by
upernovae escape the host galaxy (J. J. Condon, M. L. Anderson
 G. Helou 1991 ). At the same time, massive galaxies could retain

osmic ray electrons more efficiently due to deeper potentials,
v erestimating star-formation rat es in galaxies and so giving rise
o a superlinear slope of the RC–SFR power -la w relation as ob-
erved e.g. by L. J. M. Davies et al. ( 2017 ). L. Wang et al. ( 2019 )
eport values as steep as ∼1.35 using an infrared (60 μm) se-
ected subsample of LOw -F requency ARr a y Two-metre Sk y Sur-
ey (LoTSS; T. W. Shimwell et al. 2017 ) galaxies at 150 MHz.
n spatially resolved scales using integral field spectroscopy

IFS)-derived SFR, G. Jin et al. ( 2025 ) report a superlinear slope
f 1.16. 

Works including G18 and S21 have e xplor ed the dependence of 
he RC–SFR relation on stellar mass, demonstrating that includ-
ng a mass-dependence reduces the scatter on the RC–SFR rela-
ion. Possible interpretations for stellar mass dependence of the
C–SFR r elation ar e that mor e massive g alaxies ar e better cosmic

ay calorimeters or that stellar mass dependence comes from un-
iagnosed contamination by active galactic nuclei (AGN), since

t is well-known that AGN are also associated with non-thermal
Hz emission (e.g. P. N. Best & T. M. Heckman 2012 ) and that the
GN fraction is dependent on stellar mass (J. Sabater et al. 2019 ).
ow ev er, the st ellar mass dependence in G18 and S21 ext ends t o

elatively low-mass galaxies ( < 10 10 M �) where the AGN fraction
s small (W. L. Williams et al. 2019 ; S. Mandal et al. 2021 ; P. N. Best
t al. 2023 ; A. B. Drake et al. 2024 ; D24 ), consistent with results
rom simulations like The Tiered Radio Extragalactic Continuum
imulation or T-RECS (A. Bonaldi et al. 2019 ). Ther efor e, AGN
ontamination is unlikely to be the only explanation for stellar
ass dependence in the RC–SFR relation. 
The stellar mass dependence of the RC–SFR relation prompts

 broader question: which additional galaxy properties might
nfluence the relation? To address this question, w e generat e a
NRAS 546, 1–19 (2026) 
on-par ametric r andom for est (RF) r egr ession model that pr e-
icts the radio luminosity of SFGs using galaxy properties (which
an be derived using photometric, spectroscopic, or a mixture of 
he two types of observations). The application of RF r egr essors
L. Breiman 2001 ) to explore fundamental scaling relations in
 xtrag alactic studies is becoming increasingly popular (see e.g.
. Sánchez-Menguiano et al. 2019 ; A. F. L. Bluck et al. 2020a ,
 ; J. M. Piotrowska et al. 2022 ; W. M. Baker et al. 2023a , b ; G.
aheson et al. 2024 ; L. Sánchez-Menguiano et al. 2024 among

thers), since ensemble learning methods with decision trees like
F r egr ession can identify highly non-linear relationships in mul-

idimensional data sets. While RF r egr essors cannot predict ana-
ytical relations between the input and target variables directly,
he relative importance of features that are included in the model
an be estimated, leading to a better intuitive understanding of 
he model. 

In this w ork, w e use a sample of 35 099 emission-line classified
FGs, of which 18 828 are det ect ed at ≥3 σ at 150 MHz. We apply
F r egr ession to the radio - detected sources (18 828 sources) to

nv estigat e the dependence of radio luminosity on galaxy features
ncluding SFR, stellar mass, gas-phase metallicity, and velocity
ispersion. Using the results of the RF model, we then fit for an
nalytical relation to link the most important features to radio lu-
inosity using the full sample of 35 099 galaxies, which includes

adio non-detections. 
The paper is organized as follows: In Section 2 , we describe

he data used in this work, while in Section 3 we outline our
ample definition and present the properties of our sample. In
ection 4 , we describe the methods used in this paper, and out-
ine our results, including those derived using the RF method in
ection 4.1 and our parametrization of the RC–SFR relation in
ection 4.2 . We discuss our results and present our conclusions
n Section 5 . Throughout this paper we adopt a flat �Cold Dark

atter cosmology with H 0 = 70 km s −1 Mpc −1 , �m 

= 0.3, and
� = 0.7. Spectral index α is defined as S ∝ να with a typical

alue of α = −0 . 7 . ‘ log ’ in this paper refers to log 10 with the
 x ception of ln L which we call log-likelihood following standard
 erminology. We not e that ψ ≡ SFR throughout this paper and
 e use O/H int erchangeably with 12 + log ( O / H ) t o denot e the
 as-phase o xy gen abundance. All photometric magnitudes are in
he AB system (J. B. Oke & J. E. Gunn 1983 ) unless otherwise
pecified. 

 DA  T  A  

his work makes use of three primary data sets, as described in
he following sections. 

.1 LoTSS data release 2 

e used 150 MHz 1 LoTSS (T. W. Shimwell et al. 2017 ) obser-
ations, specifically from the second data release of the survey
LoTSS-DR2; T. W. Shimwell et al. 2022 ). The survey covers 5634
quar e degr ees of the northern sky, with 6-ar csec r esolution and
 median root mean square (rms) sensitivity of 83 μJy per beam.
R2 contains not only the 150 MHz imag es, RMS imag es and

ource catalogues in this area but also a value-added catalogue,
hich includes cross-identifications with optical counterparts



What determines the RC–SFR in LoTSS-DR2? 3 

Figure 1. Sky coverage of MPA–JHU DR8 and LoTSS-DR2. The light and dark grey regions indicate sources from the MPA–JHU and LoTSS-DR2 
catalogues, respectively. The black points represent sources that belong to the parent sample as defined in Section 3 , i.e. sources that have optical as well 
as radio observations. 
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rom the DESI Legacy Imaging Surveys (A. Dey et al. 2019 ) as
escribed by M. J. Hardcastle et al. ( 2023 , hereafter H23 ). In
rief, for large sources with extended radio emission, visual cross- 

dentification and association were carried out through a citizen 

cience project on Zooniverse. 2 For compact sources, statistical 
echniques including but not limited to colour- and magnitude- 
ependent likelihood ratio methods (e.g. W. Sutherland & W. 
aunders 1992 ; P. Ciliegi et al. 2003 ; D. J. B. Smith et al. 2011 )
ere used, as described by W. L. Williams et al. ( 2019 ). 
The availability of the images alongside the catalogues allows 

s to perform forced aperture photometry for those objects in our
ample which are not associated with 150 MHz sources in the H23
atalogue, as described in Section 3.1 . The sky coverage of LoTSS-
R2 is shown in dark grey in Fig. 1 . 

.2 The MPA–JHU spectroscopic catalogue 

n this w ork, w e hav e made ext ensiv e use of the value-added
atalogue of the eighth data release of Sloan Digital Sky Survey 
SDSS) DR8 (H. Aihara et al. 2011 ) compiled by the group at Max
lanck Institute for Astrophysics and the John Hopkins Univer- 
ity (MPA–JHU; J. Brinchmann et al. 2004 ). This catalogue in-
ludes flux measurements and uncertainties for a range of nebu- 
ar emission lines including the H β, [O iii ] 5007 , H α, and [N ii ] 6584 
ines commonly used for emission line source classification (J. A. 
aldwin, M. M. Phillips & R. Terlevich 1981 ; S. Veilleux & D. E.
sterbrock 1987 ), as well as estimates of SFRs and stellar masses

or each source. The sky coverage of the MPA–JHU catalogue, 
nd the area in common with LoTSS-DR2 are shown in light grey
nd black (respectively) in Fig. 1 . 
 http://lofargalaxyzoo.nl/ 
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i
m  

A

Within a three arcsec fiber aperture, galaxy SFRs are computed 

ased on the nebular emission lines (J. Brinchmann et al. 2004 ),
sing H α luminosity such that 

FR (M � yr −1 ) = 10 −41 . 28 L H α erg s −1 , (1) 

here the authors have adopted an initial mass function (IMF)
r om P. Kr oupa ( 2001 ). Dust corr ections wer e made using the
 α/H β ratio and assuming a fixed unatt enuat ed Case B ratio.
pertur e corr ections to corr ect for star formation not captur ed by

he fibr e measur ement wer e estimated using photometry follow-
ng S. Salim et al. ( 2007 ). Since the spectra are measured through
hr ee ar csec apertur es, wher e the fibr e is positioned close to the
 alaxy’s centr e, it r epr esents only 17–50 per cent of the entir e
alaxy’s mass, thus potentially inducing aperture biases (e.g. S. 
. Richards et al. 2016 ; S. Duarte Puertas et al. 2017 ). This means

hat the measured values might be appropriate for the galaxy’s 
entral bulge but not necessarily the outer discs, which can host
ignificant star formation (G. Kauffmann et al. 2003 ). To address
his, we use apertur e-corr ected estimates of SFR and stellar mass
rom (J. Brinchmann et al. 2004 ), who used resolved photometric
olour information to empirically correct for aperture bias, and 

ho updated the uncertainties on the apertur e-corr ected SFRs to
ccount for the uncertain apertur e-corr ection. 

In MPA–JHU DR8, the stellar mass values are estimated as 
escribed by G. Kauffmann et al. ( 2003 ), with the e x ception that
griz galaxy photometry alone is used rather than spectral indices 
n(4000) and H δ (which are obtained from the spectra). We 
se the total stellar masses, estimated using model magnitudes 
nd phot ometry correct ed for nebular emission using the spectra,
nd adopting a Kroupa IMF. In addition to the MPA–JHU SFRs
nd stellar masses for galaxies, we also considered their veloc- 
ty dispersion and gas-phase nebular oxygen abundance values, 

easur ed using str ong optical emission lines as described by C.
. Tremonti et al. ( 2004 ) and J. Brinchmann et al. ( 2004 ). 
MNRAS 546, 1–19 (2026) 
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4 Varying the search radius by 20 per cent to 0.8 or 1.2 arcsec changes the 
number of matches by fewer than 50 sources ( < 0.5 per cent of our sample 
size) and has no significant impact on our results. 
5 https://pybdsf.r eadthedocs.io/en/latest/inde x.html 
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.3 The G ALEX –SDSS–WISE Leg acy Catalogue 

he G ALEX –SDSS–WISE Leg acy Catalogue (GSWL C; S. Salim
t al. 2016 ) combines GALEX (UV; P. Morrissey et al. 2007 ) and
ptical data from SDSS DR4 (J. K. Adelman-McCarthy et al.
006 ) with Spectral Energy Distribution (SED) fitting done us-
ng the Code Investigating GALaxy Emission (CIGALE; S. Noll
t al. 2009 ), assuming a Chabrier IMF (G. Chabrier 2003 ). For
onsistency, the SFRs and stellar masses from the MPA–JHU
atalogue were also converted to a Chabrier IMF by dividing by
.06, following P. Madau & M. Dickinson ( 2014 ). The SED fitting
uilds on S. Salim et al. ( 2007 ) by additionally including blending-
orr ected low-r esolution UV photometry, emission line corr ec-
ions and flexible dust att enuation curv es. We use the GSWLC-
2 catalogue, which covers 90 per cent of the SDSS sky coverage
nd also includes WISE IR fluxes (at 12 and 22 μm) when calcu-
ating g alaxy pr operties by applying energy-balance SED fitting.
his technique assumes energy conservation between UV-optical
tellar light and the light absorbed and r e-r emitted by dust in
he infrared wavelengths. Because of the lack of data beyond
2 μm, in GSWLC-X2 the IR and stellar emission were fit sepa-
at ely: IR luminosities w er e obtained dir ectly fr om 22 μm WISE
bservations and then compared to SED-fit results of the stellar
mission t o v erify energy balance. These luminosities were then
alibrated against a Herschel subsample with far-IR data, yielding
 systematic offset of ≤∼0.01 dex for 22 μm luminosities. There-
ore, while individual IR luminosities may be very uncertain,
he WISE 22 μm-based estimates provide plausible average total
R luminosities for statistical studies. By leveraging the energy-
alance criterion in this way, the GSWLC-X2 catalogue is able to
roduce estimates of the current stellar mass and SFR averaged
ver the past 100 Myr. For a more detailed discussion on the SED
tting pr ocedur e, we r efer the r eader to S. Salim, M. Boquien & J.
. Lee ( 2018 ). 

 SAM P L E  D E F I N I T I O N  

n this work, our focus is on SFGs, but it is well-known that AGN
xist at a broad r ange of r adio luminosities (e.g. M. J. Hardcastle
t al. 2019 ; A. B. Drake et al. 2024 ). Therefore, to limit AGN
ontamination in our sample, we use an optical emission line
iagnostic proposed by L. J. Kewley et al. ( 2006 ), first described
y J. A. Baldwin et al. ( 1981 ). This is defined in the MPA–JHU
atalogue as parameter BPTCLASS and we set BPTCLASS = =
 to obtain 215 224 SFGs. These galaxies were chosen t o hav e a
ignal-to-noise ratio (S/N) > 3 on the BPT emission lines (H α,
N ii ], [O iii ], H β). Furthermore, following the recommendation
f L. J. Kewley, R. A. Jansen & M. J. Geller ( 2005 ) we selected
nly those galaxies with z ≥ 0 . 04 to minimize the influence of 
he most unreliable aperture corrections, and this also limits the
otential influence of sources with radio emission mor e e xtended
han the 6 arcsec beam of LOFAR. We cross-matched this re-
ulting sample of 167 274 galaxies with the G ALEX –SDSS–WISE
egacy Catalogue using a nearest-neighbour method with a one
r csec sear ch radius with topcat (M. B. Taylor 2005 ) to obtain
ED-fit parameters. 

Since both MPA–JHU and GSWLC adopt SDSS coordinates,
9.9 per cent of matched sources are within 0.1 arcsec, and chang-
ng the maximum search radius by ±20 per cent does not sig-
ificantly impact our results. The GSWLC-X2 catalogue covers
0 per cent of the SDSS area, up to a redshift of 0.3, giving us
at ches t o 114 519 sources betw een 0 . 04 ≤ z ≤ 0 . 3 . For con-
NRAS 546, 1–19 (2026) 
istency with the optical selection used in GSWLC and MPA–
HU catalogues, we use only the subset of sources selected in
he SDSS Main Galaxy Survey galaxies that targets galaxies with
hot ometry bright er than r petro = 17.77 (M. A. Strauss et al. 2002 ),
educing our sample to 111 292 sources. 

To select galaxies where radio emission is driven primarily
y stellar processes (J . J . Condon 1992 ), we restrict our sam-
le to include only those sources with MPA–JHU and GSWLC
t ellar mass betw een 7 . 8 ≤ log (M ∗/ M �) ≤ 12 , and SFRs be-
ween −3 ≤ log( ψ/ M � yr −1 ) ≤ 3 , reducing the sample to 109 767
 alaxies. B y ensuring that the emission line measurements are
agged as reliable , we get 109 765 sources. We set the SDSS
argettype and spectrotype = ‘galaxy’ and consider
nly those g alaxies wher e the redshift measurements are reliable
y setting the flag Z_WARNING to 0. This reduces our sample
o 105 634 galaxies. We then select those galaxies observed as
rimary targets, and apply the cuts V_DISP σ > 0 km s −1 and
H_P50 > 0 to remove unphysical values of velocity dispersion
nd gas-phase metallicity respectively, reducing the sample to
7 846 galaxies. To make sure that the velocity dispersion fits
r e r eliable, we apply the cut V_DISP_ERR > 0 km s −1 , which
ives us 97 229 g alaxies. Furthermor e, for SDSS DR8, the t emplat e
pectra used to calculate the velocity dispersion are convolved to a
aximum value of σ ∼ 420 km s −1 . Ther efor e, we r emove g alax-

es with velocity dispersion values greater than 420 km s −1 as
hey might be unreliable 3 , bringing the final sample with optical

easurements to 97 141 galaxies. We then matched this parent
ample with the LoTSS-DR2 catalogue, using a one arcsec 4 search
adius and a nearest-neighbour algorithm using the SDSS posi-
ions from MPA–JHU and the positions of the cross-identified
ounterparts taken from the Legacy Surveys data used by H23 . In
his way, we obtained catalogue 150 MHz flux densities for 25 449
alaxies. The choice of a one arcsec radius is motivated by the
igh astr ometric pr ecision of both catalogues, with the majority
f positional offsets well described by a Gaussian distribution
entred at ∼0.1 arcsec. 

.1 150 MHz aperture photometry 

o obtain radio flux densities for the sources not in the H23 cata-
ogue, (i.e. those which are below the PyBDSF 

5 detection thresh-
ld), we first identify the subset of the 97 141 sources located in
he LoTSS-DR2 coverage by using a multi-order coverage map.
his subset contains 40 022 galaxies and is shaded black in Fig. 1

of which 25 449 already have catalogued flux density measure-
ents from H23 ). We perform aperture photometry on the LoTSS

mages by summing the flux densities within a 10 arcsec diameter
ir cular apertur e ar ound the MPA–JHU positions, in a manner
imilar to G18 , accounting for the resolution of the LOFAR maps.
or galaxies in the H23 catalogue, we verify that the flux densities
easur ed using apertur e photometry ar e consistent with those in

he catalogue, with a typical scatter of ∼0.1 dex and median ratio
f 0.974. Similarly, for 150 MHz flux density uncertainties, we
um up the individual pixel variances in quadrature within the 10
r csec apertur e fr om the LoTSS RMS maps. These uncertainties

https://www.sdss3.org/dr8/algorithms/veldisp.php
https://pybdsf.readthedocs.io/en/latest/index.html
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6 Metric defined in A. B. Drake et al. ( 2024 ) to quantify the significance of 
deviation from the null hypothesis that the classification is accurate. 
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gree with those in the catalogue, with a scatter of ∼0.15 dex. We
lso verify that the RMS values ar e r easonable by measuring the
perture flux densities and RMS values at random sky positions 
ith no radio sources and calculating the signal-to-noise ratios; 

he distribution obtained is similar to a standard normal distri- 
ution. For the rest of this paper, for sources with matches in the
23 catalogue, we use the radio flux densities and uncertainties 

rom the catalogue. For sources without matches in the H23 cat- 
logue, we use radio flux densities and uncertainties measured 

sing aperture photometry. 

.2 Radio luminosity 

o estimate the 150 MHz luminosity for a source of flux density
 ν at frequency ν (whether from the H23 catalogue or from our
pertur e measur ements), we assume that radio sources obey a 
adio spectrum described by a simple power -la w S ν ∝ να , where α
s the spectral index. We perform the standard radio K-correction 

nd get the rest-frame radio luminosity values L ν to be 

 ν = 4 πd 

2 
L S ν, obs (1 + z) −α−1 , (2) 

her e d L r epr esents the luminosity distance at MPA–JHU spec-
r oscopic r edshift z calculat ed in our adopt ed cosmology and the
1 + z) −1 accounts for bandwidth correction. We assume α = 

0 . 7 , the typical median value for SFGs with shock-accelerated
osmic ray electrons (found by works such as M. J. Hardcastle 
t al. 2016 ; G. Calistro Rivera et al. 2017 at 150 MHz using LO-
AR observations). Similarly, F. Gasperin, H. T. Intema & D. A. 
 r ail ( 2018 ) show that between 147 MHz and 1.4 GHz the median
pectral index is α ∼ −0 . 78 with a scatter of 0.24 dex, but that a
att ening t o α ∼ −0 . 5 occurs at the faint est flux densities and/or

owest frequencies. So using a constant spectral index value to 
stimat e K -correct ed luminosity densities could be an additional
ource of uncertainty, with previous works having observed an 

ms scatter of ∼ 0.38 on median spectral index values (T. Mauch
t al. 2013 ), but as noted by S. C. Read et al. ( 2018 ), the additional
ncertainty would be very small for local SFGs ( z ≤ 0 . 3 ) such
s our sample. Ther efor e, while w ell-motivat ed for ‘typical’ star-
orming galaxies, some bias may persist due to spectral curvature, 
bsorption or core-dominated spectra. In principle, once radio 
urveys with depth and resolution comparable to LoTSS are avail- 
ble at other fr equencies, mor e pr ecise g alaxy -by -galaxy spectral
ndices could be derived and applied. For the present study, how- 
ver, such data are not yet available for the full sample, and we
her efor e adopt the canonical value of α = −0 . 7 for consistency
ith the literature. 

.3 Minimising residual AGN contamination 

o reduce the possible influence of optically thick AGN, which 

ay not be det ect ed via the BPT diagnostic but can still show
trong radio emission, we use two further diagnostics. First, we 
se the mid-IR selection criteria from R. J. Assef et al. ( 2018 ) to
 x clude possible AGN based on their WISE colours. These sources
re identified using 

(i) If W 2 > γR , then W 1 − W 2 > αR exp[ βR ( W 2 − γR ) 2 ] 
(ii) If W 2 < γR , then W 1 − W 2 > αR 

where W 1 and W 2 are magnitudes in the WISE bands centred
t 3.4 and 4.6 micr ons, r espectively, values taken fr om H23 , and
 αR , βR , γR ) = (0.662, 0.232, 13.97), and these criteria are expected
o be 90 per cent r eliable. This r eturned thr ee AGN candidates,
hich were excluded from the parent sample, giving us 40 019
alaxies in total with 25 446 galaxies of those present in H23 . 

Secondly, w e need t o remov e galaxies with a radio luminos-
ty higher than can be expected on the basis of their H α lumi-
osity (i.e. those with a radio e x cess), likely indicative of AGN
ctivity. To identify such sources, we cross-match our sample 
ith the sample given by A. B. Drake et al. ( 2024 ), who per-

ormed a probabilistic spectroscopic classification on the LoTSS- 
R2 radio - select ed sources. We mat ch the samples using their

adio Source_Name to obtain 25 034 sources (out of the 25 446
 alaxies, 412 g alaxies ar e r emoved fr om the sample either due
o size cuts or unreliable fits of prominent BPT emission lines
ike H β and [O iii ] 5007 lines where they coincide with sky lines,
agged as FIT_WARNING in the SDSS value-added catalogue by 

he Portsmouth group (D. Thomas et al. 2013 ) which was used for
he probabilistic classifications). We note that this is also evident 
n Fig. 4 as regions with fewer data points, see e.g. z ∼ 0 . 15 . 550
our ces wer e r emov ed due t o radio e x cess cuts but we r epeat our
nalysis with these sources included and find that our results
emain consistent within statistical uncertainties. 

We set the criterion CLASS_SFG > 0.9 from A. B. Drake et al.
 2024 ), selecting galaxies classified as star-forming with at least
0 per cent confidence. This threshold not only makes sure that
he source falls in the SFG part of the [N ii ]-BPT diagram but also
nsures no radio excess is measured. In doing so, our catalogue
ample reduces to 19 757 sources. Following the recommenda- 
ions of A. B. Drake et al. ( 2024 ), we consider only sources with
score < 2.5, 6 reducing the sample to 19 751 galaxies. We

hen select those galaxies that are in H23 with an S/N ≥ 3 on
otal radio continuum flux density, and obtain 18 828 galaxies; 
e call this the ‘catalogue sample’. Similarly, for the ‘full sample’,

.e. including sources with aperture flux densities in addition 

o those with flux densities from the H23 catalogue, we obtain
5 099 galaxies out of 40 019 galaxies after removing galaxies with
LASS_SFG < = 0.9 as given in A. B. Drake et al. ( 2024 ). 
Thus, we compile a ‘full sample’ of 35 099 BPT-classified star-

orming galaxies, with catalogue radio flux density measure- 
ents where available and aperture 150 MHz flux densities oth- 

rwise. This sample will be employed in Section 4.2 to deter-
ine the RC–SFR relation. Within it, the ‘catalogue sample’ com- 

rises 18 828 galaxies with an S/N ≥ 3 in 150 MHz flux density
rom H23 . This subset will be analysed using a Random Forest
lgorithm to predict radio luminosities and identify the most 
mportant galaxy features driving these predictions. 

.4 Sample properties 

he distributions of gas phase metallicity, velocity dispersion, 
adio luminosity, and redshift for our samples are shown in Fig.
 , with the distributions of SFR and stellar mass estimates (from
oth MPA–JHU and GSWLC) shown in marginal histograms in 

he left and right panels of Fig. 3 . In each of these figures, the
atalogue sample is shown in dark grey, and the full sample is
hown in light grey. 

In the main panels of Fig. 3 , we compare the MPA–JHU and
SWLC SFRs (left) and stellar masses (right), after converting 

he MPA–JHU values to our adopted Chabrier IMF by dividing 
y 1.06 following P. Madau & M. Dickinson ( 2014 ). In the left
MNRAS 546, 1–19 (2026) 
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M

Figur e 2. Distribution of g as phase metallicity, velocity dispersion, radio luminosity, and redshift for our samples. The 18 828 galaxies which contain 
LoTSS flux densities given in the H23 catalogue are shown in dark grey. For the sample of 35 099 galaxies (18 828 sources with catalogued radio flux 
densities and aperture flux densities measured for remaining 16 271 sources), the distributions are shown in light grey. 

Figure 3. Comparison of SFR and stellar mass values derived using the photometric (GSWLC-X2) and spectroscopic (MPA–JHU) data sets for sources 
with 150 MHz flux densities in the LoTSS catalogue (in dark grey) and sources with radio luminosities measured with aperture photometry (in light grey). 
The inset plot shows the difference between SFR and stellar mass, and all values have been converted to our adopted Chabrier IMF (where required). 

p
J  

I  

G  

o  

t  

v  

f  

a  

 

m  

p  

d  

s  

s  

l  

s  

c  

t
m  

u  

E  

w  

L

4

I  

u  

p  

(  

a

4

T  

i  

u  

2  

n  

c

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/546/3/stag137/8435366 by guest on 16 February 2026
anel, there is good agreement between SFRs reported in MPA–
HU DR8 and GSWLC catalogues, with a scatter of ∼0.2 dex.
n the right panel of Fig. 3 we see that stellar mass values from
SWL C ar e on average around 0.1 dex higher compared to the
nes reported in MPA–JHU with ∼0.09 dex scatter if we compare
he two (as shown in the inset). This scatter is comparable to the
alues reported by S. Salim et al. ( 2016 ), who attributed this dif-
erence in stellar mass values to different star-formation history
ssumptions and the inclusion of UV photometry in GSWLC-X2.

Lastly, in Fig. 4 we show the distribution of radio lu-
inosity log L 150 MHz with redshift z. The catalogue sam-

le is shown in black, and the full sample is shown in
ark gr ey. As e xpected, and discussed in S21 , some of these
ources have unphysical values of flux densities; following S21 ,
ources with log (L 150 MHz / W Hz −1 ) < 17 are arbitrarily assigned
og (L 150 MHz / W Hz −1 ) = 17 and included in the sample; these
our ces ar e visible as the horizontal light gr ey stripe in Fig . 4 , and
onstitute ∼2 per cent of our full sample. As shown in the figure,
he use of an optically selected sample results in the exclusion of 

any faint radio sources. This limitation will be addressed by the
pcoming William Herschel Telescope Enhanced Area Velocity
NRAS 546, 1–19 (2026) 
xplor er (WEAVE)-L OFAR survey (D . J . B. Smith et al. 2016 ),
hich is expect ed t o obtain more than 10 6 optical spectra for
OFAR-det ect ed radio sources. 

 METHOD  AND  R E S U LT S  

n this w ork, w e aim t o det ermine the RC–SFR relation with
nprecedented accuracy. We will begin by determining which
arameters are important in predicting a SFG’s radio luminosity
in Section 4.1 ), before building on those results to fit for the
nalytic form of the RC–SFR relation. 

.1 Which galaxy parameters matter? 

o reveal the importance of different galaxy parameters in predict-
ng an SFG’s radio luminosity in a non-parametric manner, we
se the Random Forest ensemble learning method (L. Breiman
001 ). We generate a non-parametric model to predict radio lumi-
osity values of our catalogue sample of SFGs using five different
ombinations of parameters: 
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Figure 4. The relationship between redshift and 150 MHz luminosity 
for our samples. All sources in the LoTSS-DR2 catalogue with redshifts 
z ≤ 0 . 3 are shown in light grey, while the subset of sources with LoTSS- 
DR2 catalogue matches in our spectroscopic sample are shown in black. 
These have been complemented by the sources for which w e hav e mea- 
sur ed apertur e 150 MHz flux densities, which ar e shown in dark gr ey (as 
indicated in the legend). 
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7 The terminal node of the RF decision tree. 
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Model 1 – Spectroscopic: both SFR and stellar mass estimated 

rom optical spectroscopy, taken from the MPA–JHU catalogue. 
Model 2 – Spectroscopic + (O/H) & σ : Along with SFR and 

tellar mass estimates from MPA–JHU, we also include gas phase 
etallicity and velocity dispersion in the model. 
Model 3 – Photometric: both SFR and stellar mass estimates 

ome from the GSWLC SED-fitting of broad-band photometry 
ncluding UV, optical, and infrared observations. 

A dditionally, we e xamine the stellar mass dependence of the
elation when w e int erchange the SFRs and stellar mass values
erived from the spectroscopic and photometric data sets, i.e. 

Model 4 – Photo - Spec: SED-fit SFR from GSWLC and stellar
ass values from the MPA–JHU catalogue. 
Model 5 – Spec-Photo: Balmer-line estimated (aperture- 

orr ected) SFR fr om MPA–JHU and stellar mass fr om br oad-band
hotometry SED-fitting (GSWLC). 

.1.1 Random Forest Regression 

e perform a machine learning analysis using the scikit- 
earn package (F. Pedregosa et al. 2011 ). A Random forest re-
ressor, as the name suggests, is a random combination of multi-
le decision trees . In this context, a decision tree is a supervised
on-parametric machine learning alg orithm (i.e. the targ et label 
r class to be predicted is already known, as opposed to unsu-
ervised techniques where the machine looks for patterns in a 
ata set without being explicitly given output labels; L. Breiman 

t al. 1984 ). A decision tree uses a flowchart -lik e structure with
ecursive binary splitting : it starts with all the observations from
he top of the tree, dividing the predictor space into two new
ranches in each iteration down the tree (C. Strobl, J. Malley & G.
utz 2009 ). It is a top–down greedy method because the algorithm

ooks for the best av ailable v ariable in only the current split with
o concern about future splits that lead to a superior tree. There-
ore, an advantage of RF analysis is that it allows for an explicit
alculation of the r elative importanc e of each input galaxy feature
n predicting the target value by assigning weights to the features
t each split. In our case, it w ould be the relativ e importance of 
FR, stellar mass, gas phase metallicity, and velocity dispersion 

n predicting radio luminosity. 

.1.2 Cross-validation and prevention of overfitting 

n supervised machine-learning techniques, cross-validation is 
tandard practice to build and evaluate a model (H. Blockeel & J.
truyf 2003 ). We do this by using three disjoint subsets: a training
et to learn the hidden correlation between input features and the
utput label, a validation set to measure the learning level and
erify the absence of overfitting, and a final test set used to evalu-
t e the ov er all performance of the tr ained and t est ed model using
re-det ermined crit eria (w e used least mean-squar ed err or). In
his w ork, w e hav e used 60 per cent of the data for training and
0 per cent each for the validation and test sets. 

Since the feature selection is randomized to prevent overfitting 
n an RF Regr essor, cr oss-validation does not affect the outcomes
f individual decision trees. Our main results also do not change
ith or without cross-validation as long as we control for overfit-

ing, which can be checked in two ways: (a) When a model shows
ery low mean-squared error (MSE) on the training set predic- 
ions but a higher error on the test and validation sets, and (b)
hen the feature importance is different across the training and 

est or validation sets. This generally happens when the model 
emorizes the noisy data instead of the underlying relation. One 
ay to control for overfitting is by increasing the number of galax-

es in a leaf node, 7 also known as an early stopping r outine . Aft er
etting the minimum number of samples in the leaf node to ∼70,
elected based on cross-validation, our model has a prediction 

SE of ∼0.12 ± 0.03 on all three subsets, indicating that the
odel does not overfit the data. 

.1.3 Featur e importanc e 

he purpose of including galaxy properties in this work is to es-
ablish which parameters can most accurately predict radio lumi- 
osities. A single decision tree assigns more weight or importance

o those variables that can predict radio luminosity with the most
ccuracy at each split. It then adds up the w eights t o calculat e the
elative importance. In a random forest, the relative importance 
s averaged for all the N number of trees (in our models, we have
etween 300 and 400 trees, depending on the model). Since the
odel treats the input galaxy parameters as competitors and, at 

ach decision fork, selects the one that minimizes a chosen metric 
in our case, root mean-squared error or RMSE), we must note
hat the importance is only relative because it depends on the
nput set of parameters. 

Feature importance values give us a general idea about which 

alaxy parameter is highly related to the target variable. However, 
e cannot always be sure that the models that give the best pre-
ictions (least RMSE in this case) also give the most precise inter-
retation of the underlying causative processes. This is because 
ultiple model instances can all give similar pr edictive r esults

ut have different functional forms. To understand this better 
MNRAS 546, 1–19 (2026) 
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nd to check how much the RF model relies on each parame-
er for its predictions, we adopt a permuted feature importance
PFI) analysis described in detail by A. Fisher, C. Rudin & F.
ominici ( 2019 ). In the PFI technique, the model is re-run with

he values of one feature randomly shuffled per run, breaking the
ink between that feature and the target radio luminosity for that
un and the increase in model RMSE is estimated. The higher
he increase in the RMSE value for a given feature, the more
mportant the feature is for the model, as it relies more on that
eature for accurate prediction. Similarly, a galaxy feature is not
s crucial if randomly shuffling its values causes minimal or no
hange in the RMSE of the model predictions because, in this
ase, the model ignored that feature for the luminosity prediction.
ow ev er, like the RF feature importance, the importance of the

ermuted feature does not show a parameter’s intrinsic predictive
alue but only how important the parameter is for the specific
odel at hand. 

.1.4 Random forest model results 

e first robust scale all the input features – i.e. we subtract
he median from each data point and normalize it by the in-
erquartile range. Thus, all input data are in a unit-less format.
his method is more robust to outliers compared to standard
caling where we perform mean subtraction and divide by the
tandard deviation. We note that our results remain consistent
 eg ar dless of the scaling method applied. Additionally, in our
ase, running the RF r egr ession algorithm even with unscaled
alues yields qualitatively similar results because the splits are
etermined by ordering the data (not by absolute values). We
un the RF r egr essor with cr oss-validation as described in Sec-
ion 4.1.2 and set an early stopping routine, i.e. set the mini-

um number of samples in the leaf node (final split) t o prev ent
verfitting. The list of features for all five models also includes
 rndm parameter generated using the pseudo-random number
enerator of the numpy.random 8 module. Any feature with
mportance close to that of this parameter can be r eg ar ded as not
mportant in the prediction of radio luminosity using that specific

odel. 
The feature importance (as described in Section 4.1.3 ) of the

ifferent parameters is shown in the upper panel of Fig. 5 and
he change in RMSE when each feature is permuted is shown in
he lower panel of the same figure. The final feature importance
s given by the median of the 100 runs, with a different ran-
om_state in each run, and the standard deviation is taken as

he uncertainty v alue. R eassuringly, the most important feature
n every run is the SFR, whether it comes from the MPA–JHU
r GSWL C catalogues. Furthermor e, in every case, the stellar
ass estimates are determined to have significant importance

i.e. the significance of the difference between the importance
f stellar mass and that of the r andom v ariable is > 5 σ for all
odels). This holds true irrespective of the use of photometric

r spectroscopic data. Some authors also use Gradient boosting
lgorithms in place of RF Regression given that the former is able
o handle missing data better . However , we find that our results
o not change when we use XGBoost r egr essor (T. Chen & C.
uestrin 2016 ) to predict radio luminosity . Similarly , we could

lso omit one feature at a time t o evaluat e its contribution in
mproving the MSE of the model predictions. In doing so, we
NRAS 546, 1–19 (2026) 
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i  

L  

c  
nd that the results are consistent within uncertainties with that
f the permuted feature importance, for both RF r egr essor and
GBoost r egr essor model. Mor e specifically, in both cases, SFR
nd stellar mass are still the most important features in predicting
adio luminosity, in that order . W e note that these results are
obust to changes in IMF assumptions. 

Int erestingly, w e also observ e significant importance of gas-
hase metallicity in the spectroscopic + (O/H) & σ model. How-
ver, it is difficult to identify if the trend is real or an art efact, giv en
hat stellar mass and gas-phase metallicity values are well-known
 o be correlat ed through the mass–metallicity r elation (e.g . C. A.
remonti et al. 2004 ) and that they are both correlated with the
FR via the fundamental metallicity relation (e.g. F. Mannucci
t al. 2010 ). Permuted and drop column feature importance val-
es are also known to be affected by corr elated featur es, i.e. if 

wo features are strongly correlated, the model still has access
o the correlated feature when a feature is permuted or dropped
see e.g. C. Strobl et al. 2008 ; K. Nicodemus & J. Malley 2009 ).
o expand on this further, we computed the partial Spearman
ank correlation coefficients (e.g. B. Brown & B. Hendrix 2005 )
etw een spectroscopy-deriv ed SFR and radio luminosity in tw o
ases: controlling for (i) stellar mass and (ii) gas-phase metal-
icity. Controlling for stellar mass reduced the correlation from
SFR,L 150 = 0.862 ( p-value < 0.01) to ρSFR,L 150 ·M ∗ = 0.675 ( p-value <
.01), while controlling for metallicity had a much smaller effect
 ρSFR,L 150 ·( O / H ) = 0.848; p-value < 0.01), suggesting that stellar

ass is a more significant confounding variable than metallic-
ty. In the absence of an obvious explanation for why gas-phase

etallicity may be of importance for predicting a galaxy’s radio
uminosity, we ther efor e note that its apparent importance is of 
ot ential int er est, but defer a mor e detailed analysis to a future
 ork. The difference betw een correlation and causation is perti-
ent here, and this has been studied in some detail in the context
f RF algorithms by A. F. L. Bluck et al. ( 2020b , see appendix B.2
f that work). 

Furthermore, whilst RF is robust against global measurement
ncertainty, it can be influenced by differential measurement
ncertainty i.e. the case where different features of the data have
ifferent noise properties – as is the case in our data set. Higher
easurement uncertainty can also decrease the feature impor-

ance of a variable (see e.g. appendix B.4 of J. M. Piotrowska
t al. 2022 ). In our spectroscopic data set, the uncertainties on
 as-phase metallicity ( ̄σ( O / H ) ≈ 0 . 03 de x) ar e significantly smaller
han the uncertainties on stellar mass values ( ̄σM ∗ ≈ 0 . 08 dex),
hich could partially inflate the importance of metallicity. In a

imilar manner, if we re-run the RF regression with the SFRs
nd stellar mass estimates from both MPA–JHU and GSWLC
imultaneously, the model indicates an importance around 0.9
or the photometrically derived SFRs, and around 0.1 for the
pectroscopy-derived SFRs. This is on the one hand reassuring,
iven that the time-scales associated with using the UV con-
inuum and radio continuum luminosity as SFR indicators are

ore comparable than that of the Balmer lines (e.g. J. Kenni-
utt 1998 ); but on the other hand, it is hard t o int erpret giv en
he heteroscedasticity, i.e. that the uncertainties on the SED-fit
tellar mass and SFR estimates ar e ar ound half the size of those
rom MPA–JHU. 

We also ran the r egr ession models with morphological pa-
 ameters, av ailable reliably for 18 685 out of the 18 828 sources
n our sample. The morphological parameters were taken from
. Simard et al. ( 2011 ), who performed 2D bulge + disc de-
ompositions in the g and r bands for galaxies in the seventh

https://github.com/bashtage/randomgen
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Figur e 5. Upper panel: r elative featur e importance of SFR, stellar mass, g as-phase metallicity, and velocity dispersion in pr edicting radio luminosities 
for our sample of SFGs, when included in the model. The importance v alues of par ameters in each model sum to 1. Lower panel: permuted relative 
importance for the same features. The numbers below each bar correspond to the legend, and to the enumerated explanations in Section 4.1 . 
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ata release of SDSS DR7 (K. N. Abazajian et al. 2009 ). How-
v er, w e find that importance of morphological parameters in
redicting radio luminosity are consistent with zero once un- 
ertainties are taken into account (see Appendix A ). We note, 
ow ev er, that the sample is restrict ed t o star-forming galaxies,
hich pr efer entially selects disc-like systems. As a result, the

ower importance of morphological parameters such as Sérsic 
ndex, in our analysis could indicate that we have fewer star-
orming ellipticals rather than an absence of physical relevance. 
n a more morphologically diverse population, particularly one 
ncluding early-type star-forming galaxies, morphology may play 
 mor e pr ominent r ole. For the r est of this paper, we will focus
rimarily on SFR and stellar mass, as described in the following
ection. 

.2 Stellar mass dependence of RC–SFR 

aving demonstrated that the stellar mass is important for study- 
ng the relationship between a galaxy’s SFR and 150 MHz lu-

inosity, we now quantify the stellar mass dependence of the 
C–SFR relation. To do this, we follow the method of S21 , and
alculate the median 150 MHz luminosity as a function of SFR
nd stellar mass in three dimensions. We summarize the method 

s follows: To robustly account for our knowledge of the SFR,
MNRAS 546, 1–19 (2026) 
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M

Figure 6. Dependence of radio luminosity at 150 MHz on SFR and stellar mass. The top left panel shows the radio luminosity at 150 MHz as a function 
of phot ometrically deriv ed (i.e. GSWLC) star-formation rat es. Each colour ed line r epr esents the median likelihood v alue of r adio luminosity at a given 
SFR in stellar mass bins indicated by the colour bar. The mass-independent best-fitting line(s) from G18 (in green), S21 (in red, dashed), and D24 (in 
blue, dashed–dot) are ov erplott ed. Top right panel: Similar to the top left panel, but the median likelihood radio luminosity as a function of stellar mass 
are plotted in bins of SFR as indicated by the colour bar. The bottom left panel shows the RC–SFR relationship with the stellar mass dependence taken 
out using equation ( 3 ) and the best-fit ting par ameters obtained in Section 4.2 . The bottom right panel shows the median likelihood radio luminosity 
as a function of stellar mass with SFR dependence taken out using equation ( 3 ). The radio luminosity values, estimated in bins of star formation rates 
(SFRs) using the mass-dependent form of the RC–SFR relation (given by equation 6 ), are represented by the diamond-shaped points in the top left panel. 
These values are calculated based on the median SFR and stellar mass within each SFR bin. The solid line r epr esents the best-fitting line through the 
diamond points. In the bottom left panel, we plot the radio luminosity values, shown as circles, calculated using median SFR values in each bin, without 
accounting for the stellar mass dependence.The dashed line r epr esents the best-fitting line through the circle points. 

s  

a  

s  

a  

W  

F  

a  

p  

m  

5  

s  

t  

l  

t  

f  

c  

t  

m  

t  

t  

S  

s  

l  

r  

T  

b  

e  

v  

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/546/3/stag137/8435366 by guest on 16 February 2026
tellar mass and L 150 MHz of each source in our sample, we build
 three-dimensional PDF for each source, by generating 100
amples in each of the SFR, stellar mass (in logarithmic space)
nd radio luminosity (in linear space), in accordance with S21 .
e do this for both spectroscopic as well as photometric data.

or the sampling, we assume asymmetric uncertainties on SFRs
nd stellar masses by using the 16th, 50th, and 84th percentiles
rovided in the MPA–JHU DR8 catalogue and for the photo-
etrically derived SFRs and stellar masses, we assume that the

0th–16th percentile and 84th–50th percentile are equal to the
ymmetric 1 σ uncertainty quoted in the GSWLC catalogue. We
hen bin the samples using fifty uniformly spaced bins of stel-
ar mass between 7 < log (M ∗/ M �) < 12 , sixty bins for SFRs be-
ween −3 < log (ψ/ M � yr −1 ) < 3 and 180 uniformly spaced bins
NRAS 546, 1–19 (2026) 
or radio luminosities between 17 < log (L 150 / W Hz −1 ) < 26 . We
ombine our knowledge of each source by adding each of these
hree-dimensional PDFs together. In each bin of SFR and stellar

ass, we then calculate the median likelihood radio luminosity;
hese values are shown as a function of SFR and stellar mass in
he top panels of Fig. 6 for photometrically derived (i.e. GSWLC)
FRs and stellar mass estimates (on the left and right sides, re-
pectively). In the left panels of the figure, the median likelihood
ines are coloured by the GSWLC stellar mass in each bin. In the
ight panels, they are coloured by photometrically derived SFRs.
o limit the effect of low number statistics, we show only those
ins which contain at least 15 galaxies (taking into account that
ach galaxy is sampled 100 times). Fig. 7 shows the corresponding
alues when the spectroscopic (i.e. MPA–JHU) SFRs and stellar
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Figure 7. Same as Fig. 6 but with stellar mass and SFR values taken from the spectroscopic data set (i.e. MPA–JHU). 
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ass estimates are used. Due to the different error budget in
ach catalogue, the scatter on the RC–SFR is much lower when 

SWL C SED-fit SFRs ar e used (Fig . 6 ) as compar ed to when
pectroscopy-derived SFRs are used (Fig. 7 ) in the analysis. 

Having determined that SFR and stellar mass are important for 
stimating a galaxy’s 150 MHz luminosity, we adopt the stellar- 
ass dependent form of the relation described in G18 

 150 MHz = L c ψ 

β

(
M ∗

10 10 M �

)γ

. (3) 

her e L c r epr esents the radio luminosity (in W Hz −1 ) of a galaxy
ith stellar mass 10 10 M � and SFR = 1 M � yr −1 . We use the
arkov Chain Monte Carlo algorithm implemented using the 
ython package emcee (D. Foreman-Mackey et al. 2013 ), em- 
loying 16 walkers and a chain length of 10 000 samples, to fit the
elation. For phot ometrically deriv ed SFRs, w e obtain the best-
t ting v alues, of log L c = 21.838 ± 0.003, β = 1.017 ± 0.007, and
= 0.311 ± 0.007. How ev er, for spectroscopy-deriv ed (i.e. MPA–

HU) SFRs, we obtain the best-fitting values of log L c = 21.992
0.004, β = 0.644 ± 0.007, and γ = 0.571 ± 0.008. Taken at 

ace value, the dependence appears very different depending on 

he origin of the SFR and stellar mass estimat es, how ev er S21
emonstrated through a series of simulations (see appendix C of 
21 ) that model parameters estimated in this way are biased, and
imulations are required to correct for that bias. In Section 4.3 ,
e follow that work and attempt to correct for this bias. 

.3 Bias correction 

n repeating a similar analysis as in S21 to correct the best-fitting
stimates of β, γ , and L c for systematic bias, we find that the
egree of bias depends on the noise properties of the values in
he data set even when the uncertainties are included in the fit-
ing. Given that the spectroscopy-derived SFRs and stellar masses 
rom MPA–JHU have larger typical quoted uncertainties ( ̄σM ∗ ≈
 . 08 de x, and σ̄ψ ≈ 0 . 22 de x) compar ed to those fr om the pho-
ometric GSWL C catalogue ( ̄σM ∗ ≈ 0 . 05 de x, and σ̄ψ ≈ 0 . 08 de x),
espoke simulations are required in each particular situation. 

Following S21 , we use simulations described in Appendix B 

o correct for systematic offsets in values of log L c , β, and γ

or the stellar mass-dependent model by determining how well 
e are able to recover known relations of the form given by

quation ( 3 ). We generate a set of 5000 simulated models of the
ass- dependent RC–SFR relation with v arying v alues of L c , β,

nd γ and then attempt to recover the relation using methods 
escribed in Section 4.2 . The best-fitting relations between the 

nput and r ecover ed values of L c , β, and γ for the photometric
nd spectroscopic data sets are given in the Appendix in Section B
MNRAS 546, 1–19 (2026) 
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M

Figure 8. Post erior estimat es of bias-correct ed β and γ , the indices of the power -la w terms for SFR and stellar mass in equation ( 3 ). Marginal histograms 
overlaid with best-fitting Gaussian curves on the top and right show the 1D PDFs for β and γ for the MPA–JHU (in orange) and GSWLC (blue) data 
sets. The dashed lines show the median likelihood values. The 2D distribution of the PDFs is shown on the central plot, with contours r epr esenting 68 
per cent and 95 per cent confidence intervals. 
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also shown in Fig. B1 ). We then define a quantity n σ such that
t weights the mock data set values based on how far away they
ie from the observed values of MPA–JHU and GSWLC data sets,
.e. the farther away the points lie from the observed β and γ

est-fit ting v alues of the r eal data set, the less likely they ar e to
orrespond to the true values in the mock data sets 

 σ = 

√ 

(βm 

− βr ) 2 

δ2 
βm 

+ δ2 
βr 

+ 

(γm 

− γr ) 2 

δ2 
γm 

+ δ2 
γr 

(4) 

here βm 

and γm 

r epr esent the observed β and γ values for the
ock data sets, and βr and γr refer to the observed β and γ

alues for the best-fitting model using real data sets, i.e. MPA–
HU or GSWLC. The denominators for each term in equation ( 4 )
orrespond to the sum in quadrature of the uncertainties (the δ
erms) on the r ecover ed values of β and γ for the mock and real
ata sets. To obtain plausible estimates of the error budget, we
dopt the average scatter across the best-fitting lines in Fig. B1 ,
βm , δγm = 0.006, 0.014 (0.003, 0.004) for the spectroscopic (pho-
ometric) data set and δβr , δγr = 0.007, 0.008 (0.007, 0.007) for the
NRAS 546, 1–19 (2026) 
pectroscopic (photometric) data set, based on the uncertainties
erived from fitting equation ( 3 ) using emcee . 
We use the derived n σ values to assign weights to all the

oints in the true β and γ distribution based on their dis-
ances between the observed values of β and γ for the spec-
roscopic and photometric data sets, estimated from the best-
tting relations shown in Fig. B1 . These values of n σ are con-
 ert ed t o likelihoods from the survival function ( 1 − CDF) of 
he n σ which is assumed to be a normal distribution. The re-
ults are shown in Fig. 8 , where the 2D probability distribu-
ion for the β and γ values is shown in the main panel (over-
aid with 1 and 2 σ contours), plus marginal histograms showing
he projected 1D distributions that have been fit with Gaussian
urves. 

Based on the PDFs, we estimate the best-fitting values of β
nd γ to be 1.107 ± 0.008 and 0.244 ± 0.007 for the photometric
SWL C data set, r espectively. For the spectr oscopic data set, we
nd the corresponding values to be 1.062 ± 0.016 and 0.258 ±
.019. The broader distribution of possible values for the spec-
roscopic data set can be attributed to larger uncertainties on the
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Table 1. Best-fitting values of L c , β, and γ for the parametric model for both photometric (GSWLC) and spectroscopic (MPA–JHU) data sets, compared 
with those values from previous works. 

L c β γ

G. Gürkan et al. ( 2018 ) 22.13 ± 0.01 0.77 ± 0.01 0.43 ± 0.01 
D . J . B. Smith et al. ( 2021 ) 22.22 ± 0.02 0.90 ± 0.01 0.33 ± 0.04 
S. Das et al. ( 2024 ) 22.083 ± 0.004 0.778 ± 0.004 0.334 ± 0.006 
This work: Photometric (GSWLC; bias corrected) 21.848 ± 0.003 1.107 ± 0.008 0.244 ± 0.007 
This work: Spectroscopic (MPA–JHU; bias corrected) 21.910 ± 0.003 1.062 ± 0.016 0.258 ± 0.019 
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FRs and stellar masses in the MPA–JHU catalogue relative to 
hose in GSWLC. 

 DISCUSSION  AND  CONCLUSIONS  

n this w ork, w e studied the dependence of radio luminosity
t 150 MHz on properties of SFGs and the non-linearity of the
ow-frequency 150 MHz RC–SFR relation in local galaxies ( z ≤
 . 3 ). Starting from an optically selected sample of emission-line-
lassified SFGs, we used a non-parametric random forest regres- 
ion algorithm to model radio luminosities from the second data 
elease of the LoTSS-DR2 given SFRs and stellar masses from the
SWLC-X2 and MPA–JHU DR8 catalogues, and also considering 

as-phase metallicity and velocity dispersion measurements from 

PA–JHU. Applying this model to a sample of 18 828 sources de-
 ect ed at ≥3 σ in the LoTSS-DR2 catalogue shows that a source’s
adio luminosity depends on its SFR and to a lesser – but still
ighly significant – extent on its stellar mass. This builds on 

revious works showing consistent results even when no prior as- 
umption about the form of mass dependence is assumed. These 
act ors remain consist ent whether our SFRs and stellar masses
ere taken from the GSWLC (photometric) or MPA–JHU (spec- 

roscopic) catalogue. We also uncover a possible dependence of a 
alaxy’s 150 MHz luminosity on the gas-phase metallicity; how- 
v er, w e are unable to make a definitive statement given the
 ell-known degeneracy betw een st ellar mass and [O/H]. Having 
emonstrated the importance of considering stellar mass along- 
ide SFR for this task, we used a suite of simulations to account
or measurement bias in estimating the stellar mass dependent 
C–SFR r elation fr om G18 using the method of S21 . Our results

how that the de-biased best-fitting relation for the photometric 
ata set (i.e. GSWLC) is given by 

og (L 150 MHz / W Hz −1 ) = (1 . 107 ± 0 . 008) log (ψ/ M � yr −1 ) 
+(0 . 244 ± 0 . 007) log (M ∗/ 10 10 M �) 
+(21 . 848 ± 0 . 003) , (5) 

nd for the spectroscopic (i.e. MPA–JHU) data set by 

og ( L 150 MHz / W Hz −1 ) = ( 1 . 062 ± 0 . 016) log (ψ/ M � yr −1 ) (6) 

+(0 . 258 ± 0 . 019) log (M ∗/ 10 10 M �) 
+(21 . 910 ± 0 . 003) (7) 

here the values of L c for the photometric and spectroscopic 
odels are estimated after performing bias correction using equa- 

ions ( B1 ) and ( B4 ), respectiv ely. Int erestingly, the tw o sets of 
easur ements ar e statistically consistent with one another, de- 

pite the large differences in the manner in which the SFRs
nd stellar masses have been estimated in the photometric and 

pectroscopic data sets (e.g. the SFR estimates alone have differ- 
nt physical time-scales, and the MPA–JHU stellar masses are 
orrected for nebular emission using the measured spectra, but 
therwise rely only on ugriz photometry, as compared with the 
SWL C estimates which ar e derived based on UV to mid-infrared
av elength phot ometry and energy-balance SED fitting). 

.1 Comparison with previous works 

he best-fit ting v alues of L c , β, and γ for both photometric
GSWL C) and spectr oscopic (MPA–JHU) data sets, after bias- 
orr ection ar e summarized in Table 1 , along with values fr om
revious works. As shown in the table, we find a steeper depen-
ence of radio luminosity on SFR (i.e. higher β) and a weaker
ependence on stellar mass (i.e. lower value of γ ) compared to
he works of S21 and D24 , despite the similar methodology. While
ne of the differences in this work is the bias correction method,
art of the discrepancy may also arise from different sample se-

ections. In contrast to S21 and D24 who use an infrared-selected
ample, our sample is drawn from an optically selected spectro- 
copic catalogue with stringent BPT emission line signal-to-noise 
uts as described in Section 3 . This selection pr efer entially targets
urely SFGs with bright emission lines (and thus high-specific 
FRs), whilst e x cluding dusty star-forming systems and optically 
uiescent galaxies that are present in their works. In addition, 
hose studies make use of the LOFAR Deep Fields, which reach
ignificantly lower flux densities than the wide-area LoTSS sur- 
ey data used in this work. Consequently, their analyses probe 
ainter radio sources and lower-SFR galaxies, and the correspond- 
ng AGN selection functions are not directly comparable. We also 
 xplicitly r emove radio - quiet AGN (R Q- AGN) from our sample
y using probabilistic classification flags from A. B. Drake et al.
 2024 ), mitigating biases where optical SFR indicators are con-
aminated by the presence of a radiative AGN without corre- 
ponding radio e x cess. The dominant sour ce of radio emission
n these quiescent galaxies and radio - quiet AGN remains uncer-
ain (F. Panessa et al. 2019 ), with several mechanisms proposed,
ncluding star formation (e.g. P. Padovani et al. 2011 ; M. Bonzini
t al. 2015 ), scaled-down version of powerful jets, outflows (e.g. R.
organti et al. 2015 ; L. K. Morabito et al. 2019 ), wind–interstellar
edium interaction (e.g. J. W. Petley et al. 2022 ), and wind-driven

hocks (N. L. Zakamska & J. E. Greene 2014 ). This complexity
akes it challenging to isolate a subsample of relatively quies- 

ent galaxies in which radio emission is solely driven by star-
ormation, given that radio luminosity is also a good tracer of 
tar formation in the host galaxies of R Q- AGN (M. Bonzini et
l. 2015 ). Consequently, the presence of additional radio emission 

ot associated with star formation, or underestimated SFRs from 

ust-obscured star formation can elevate the radio luminosity at 
xed SFRs, leading to a flatter observed slope as seen in pre-
ious works. At the high SFR regime, our best-fitting relations 
re consistent with those reported by G18 , who similarly used
 spectroscopically selected sample. The discrepancy is mainly 
MNRAS 546, 1–19 (2026) 
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bserved at the low-SFR end, however, this regime is subject to
igh uncertainty in SFR and stellar mass estimates, given the
ensitivity to the choice of star-formation history (e.g. S. Lower
t al. 2020 , P. Haskell et al. 2024 ) in SED-fitting and time-scales
ssociated with the SFR tracer (R. C. Kennicutt & N. J. Evans
012 ), as well as potential contamination from compact R Q- AGN .
aken together, these differences in sample selection and AGN
reatment yield a measurement of the RC–SFR relation for purely
FGs, with a correspondingly steeper slope. 

To visualize the best-fitting stellar mass- dependent RC–SFR
btained after bias correction, we divide our sample into ten
qual-width bins of SFR. For each bin, we calculate the radio
uminosity using the median values of SFR and stellar mass in
he bin, along with the bias-corrected values of β and γ . These
alues ar e r epr esented as blue diamonds for the photometric data
et in Fig. 6 and orange diamonds for the spectroscopic data set
n Fig. 7 . We then draw the best-fitting line through these points,
ndicated by dashed blue and orange lines for the photometric
nd spectroscopic data sets respectiv ely. For comparison, w e also
alculate the best-fitting lines based on the mass-dependent re-
ations from G18 , S21 , and D24 , and overplot them in the top-
eft panels of Figs 6 and 7 . To examine the effect of removing

ass dependence, we repeat the pr ocedur e using r elations with
he stellar mass term subtracted, and plot the resulting best-fitting
ines in the bottom-left panels of the same figures. One explana-
ion for the dependence of RC–SFR relation on stellar mass could
e the dependence of cosmic ray escape fraction on stellar mass,
specially relevant in low-mass g alaxies. Massive g alaxies have
ore supernovae and longer cosmic ray escape times, producing

igher radio luminosities. U. Klein ( 1991 ) found that dwarf (thus,
ess massive) galaxies are less efficient in containing cosmic ray
lectrons, which is consistent with theoretical models (e.g. X.
hi & A. W. Wolfendale 1990 ; G. Helou & M. D. Bicay 1993 ; S.
iklas & R. Beck 1997 ; E. J. Murphy et al. 2008 ; B. C. Lacki, T.
. Thompson & E. Quataert 2010 ; V. Heesen et al. 2011 ). S21

tate that the stellar mass dependence could also be related to
he redshift dependence of the RC–SFR relation but due to the
mall redshift range of our sample, it is unlikely that evolution
an account for the dependence on stellar mass found in this
ork, which is similar in magnitude to that observed out to z = 1

n S21 and D24 . Similarly, although we consider it unlikely that
he stellar mass dependence in our analysis arises from assuming
 universal canonical IMF, the potential impact of IMF variations
annot be entirely ruled out. For example, M. L. P. Gunawardhana
t al. ( 2011 ) report that galaxies with higher SFRs tend to exhibit
atter slopes at the high-mass end of the IMF. Nevertheless, a
etailed investigation of the effect of IMF variability lies beyond
he scope of this work and given the large statistical size of our
ample, such variation is unlikely to appreciably affect our results.

Significant care has been taken t o remov e AGN-dominat ed
 alaxies fr om our sample, but as in previous works ( G18 , S21 ,
24 ) it is likely that a number of unidentified AGN remain
r esent. For e xample, M. Mezcua & H. Domínguez Sánchez
 2024 ) used IFS Mapping Nearby Galaxies at APO (MaNGA 

9 ; K.
undy et al. 2015 ) observations of 2292 dwarf galaxies to show

hat galaxies which are classified as star-forming (SF) using single
br e spectr oscopic observations could still have AGN-like ioniza-

ion outside the fiber aperture coverage of the fixed small-sized
NRAS 546, 1–19 (2026) 

 http://sdss4.org/surveys/manga/ 

1

[
[

bre. 17 of the galaxies classified as ‘SF - AGN’ 10 by M. Mezcua &
. Domínguez Sánchez ( 2024 ) lie in our sample of SFGs, and
e also identify a small number of galaxies in our sample that,

lthough classified as SF using the [N ii ] diagnostic diagram, fall
n the ‘AGN’ region of the [S ii ] and/or [O i ] diagnostic diagrams
39 candidates out of 35 099 galaxies). We have verified that our
 esults r emain consist ent within the quot ed uncertainties upon
emoving the SF - AGN from our sample, but acknowledge that
ur sample could still contain more unidentified A GN. F or ex-
mple, M. I. Arnaudova et al. ( 2025 ) inv estigat ed the presence of 
GN identified using the radio brightness temperature method
f L. K. Morabito et al. ( 2025 ) in samples of 150 MHz sources in
he LoTSS deep fields (P. N. Best et al. 2023 ). These sources were
dentified as SFGs at high confidence using an updated version
f the A. B. Drake et al. ( 2024 ) probabilistic source classification
ethodology. Taken together, it is all but impossible to ensure

hat residual low-luminosity AGN contamination is not respon-
ible for the mass dependence that we observe in this work. This
ay change in future as the machinery to combine the different

tr engths of photometric, spectr oscopic and radio morphology
nformation to build a fuller picture of the radio source energy
udget is developed. 

Furthermore, sev eral w orks hav e shown that global empirical
alibrations like the star-formation rate stellar mass relation (K.
. Noeske et al. 2007 ; A. K. Leroy et al. 2013 ; M. Cano-Díaz

t al. 2016 ; S. L. Ellison et al. 2021 ) and the far-infrared radio
orrelation (A. Hughes et al. 2006 ; E. J. Murphy et al. 2006 ; J.
hang et al. 2010 ; F. S. Tabatabaei et al. 2013 ) originate from star-

ormation activity at local scales. Ther efor e, it would be useful
o also e xplor e the RC–SFR relation on spatially resolved scales
sing LOFAR radio luminosity maps or from future SKA and
OFAR2.0 maps along with spatially resolved spectra with IFS

rom surveys like SAMI (S. M. Croom et al. 2012 ), MaNGA (see
.g. G. Jin et al. 2025 ), and the WEAVE (G. Dalton et al. 2012 ;
. Jin et al. 2024 ) large integral field unit t o bett er understand
he local origins of the empirical calibration. A spatially resolved
tudy could also help mitigate remaining concerns about AGN
ontamination or shock e x citation (e.g . M. I. Arnaudova et al.
024 ), by enabling the analysis to focus on areas away from the
ctive nucleus. 

We int end t o revisit this t opic in future with data from WEAVE,
hich will spend the upcoming five years performing a suite of 

urveys including the WEAVE-LOFAR survey (D . J . B. Smith et al.
016 ). WEAVE-LOFAR will use the WEAVE multi-object spec-
rograph mode to obtain more than a million spectra of sources
dentified in the LoTSS surveys (both deep and wide), and the RF
lgorithm presented in this work will be essential for this task. 
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Figure A1. Distribution of the morphological features used in this w ork. The t op row contains exponential disc length and bulge semimajor radius in 
kpc. The middle row shows inclination and galaxy ellipticity. The bottom row shows the distribution of Sersic index and bulge fraction for our sample. 
The bulge fraction r epr esented by the unfilled histogram is measured using the SDSS r - band images. 
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n Fig. A1 . On running the RF model, we find that SFR is still
he most important feature in predicting radio luminosity (see 
ig. A2 ), for the photometric as well as spectroscopic models. Fur-

hermor e, the overall pr ediction accuracy of the model r emains
imilar to the models in Section 4.1 (MSE ∼ 0.11 and accuracy 
81 per cent), upon including the morphological parameters. 
e observe non-negligible feature importance values for some 
eatur es, e.g . Sersic inde x in the spectroscopic model and disc
ength R d in the photometric model. However, it is difficult to
scertain if they have real physical significance or if this is due
o their correlation with stellar mass, solely based on RF r egr es-
ion analysis, given the limitations of RF r egr ession analysis in
andling collinear variables (i.e. when two or more variables are 
ighly correlated). 
MNRAS 546, 1–19 (2026) 
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M

Figure A2. Upper panel: Random forest feature importance of SFR, stellar mass, gas-phase metallicity, velocity dispersion, and morphological features 
used in the r egr ession model to predict radio luminosity. Lower panel: Same features as the upper panel, but the bars indicate the permuted feature 
importance, i.e. the decrease in RMSE of the model prediction when the feature is randomly permuted. In both panels, the left bar indicates SFR and 
stellar mass taken from the MPA–JHU catalogue and the right bar indicates SFR and stellar mass taken from the GSWLC, estimated using SED-fitting. 
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P P E N D I X  B :  B I A S  CORRECTION  USING  

I M U L AT I O N S  

S21 showed that the best-fitting estimates of β and γ in equa-
ion ( 3 ) are likely to be offset by a residual bias which we found
o be dependent on the noise properties of the parameters used
here, SFRs and stellar mass) in this work. To correct for this bias,
 e generat ed realistic mock data for each set of paramet ers, i.e.

adio flux densities, SFRs, and stellar mass values for the photo-
etric as well as spectroscopic data sets through the pr ocedur e

escribed in detail in S21 . We then fit the mock galaxy data in the
NRAS 546, 1–19 (2026) 
ame manner as described in Section 4.2 and plot the r ecover ed
ersus true values of L c , β, and γ as shown in Fig. B1 for the pho-
ometric and spectroscopic data sets in blue and orange colours,
 espectively. The best-fitting r elations between the r ecover ed and
rue values of L c , β and γ for the photometric data set are given
yL c , rec = 1 . 00 L c , true + 0 . 00 ,βrec = 0 . 91 βtrue + 0 . 01 , 

rec = 0 . 92 γtrue + 0 . 08 (B1) 

nd for the spectroscopic data set:L c , rec = 0 . 97 L c , true +
 . 81 ,βrec = 0 . 54 βtrue + 0 . 08 ,γrec = 0 . 68 γtrue + 0 . 40 . 
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Figur e B1. Recover ed v ersus true values of L c , β, and γ for the st ellar 
mass dependent form of the RC–SFR for the mock data sets made using 
photometric data from the GSWLC catalogue and spectroscopic data from 

the MPA–JHU catalogue. The best-fitting lines are shown by the solid blue 
line for the photometric data set and orange line for the spectroscopic data 
set, and the black dashed line is the line of equality. 
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